Abstract: Although acknowledged as central in the economic literature, the issue of intra academic collaboration has been, insofar, relatively overlooked. This paper fills this gap by stressing the importance of communities in academic research. By analysing the publication behavior of researchers from a large European scientific university, we argue that in certain cases, the community level constitutes a relevant level for analysing the collaborative nature of scientific investigation. Indeed, the reality of research collaborations doesn't always fit the institutional division of academic work provided by laboratories.
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This contribution aims at tackling several theoretical issues by:
1. Presenting a method for identifying those scientific communities. This identification method is based on the tools provided by social networks analysis.
2. Accounting for the diversity in the organization of scientific knowledge production by stressing the coexistence of different types of research groups that we could call as "communities".
In addressing those questions, this paper attempts to connect two streams of literatures: the literature on the economics of science and the literature on knowledge intensive
communities. An important result of our contribution is that the organizational frontiers of laboratories don't, in most cases, match with the frontiers of these research groups.
The remainder of this article is organized as follows. In the next section, we will expose the basic concepts used in this paper. We will present a survey of contributions on academic research production which aims to stress the limits of existing literature. In a third section, we will expose the methodology for identifying academic "communities". This methodology will then be applied to the study of the copublication network of a large European scientific university: the University Louis Pasteur in Strasbourg. In order to do so, we will make use of an original database built by members of the BETA covering the whole academic activity of that university for the last decade. In a fourth section, we will detail the results obtained. We will notably show that the reality of collaboration doesn't, in most cases, match the institutional division provided by laboratories.
Literature survey
The aim of this paper is to explore the collective nature of the production of academic knowledge. So we will briefly present a survey of the literature existing in this domain in order to explore issues that have been insofar overlooked. Our aim is not to offer an exhaustive description of this literature. Rather, we would like to sketch an overview of the state of the art and to briefly present its main results.
As pointed out by several scholars (e.g. Merton, 1957 , David, 1998 , an important factor at the root of current "open science" (contrasting with the "realm of technology") lies in the regime of priority. This norm of behaviour aims at providing scientists with the incentives to disclose knowledge. Indeed scientific knowledge could be viewed as a public good: useful for the whole society, but with few incentive to be produced because of its properties of non rivalry and non exclusivity. This justifies an incentive system to produce this type of knowledge. This has motived a certain number of authors to analyse this incentive system by studying the determinants of scientific knowledge production. One determinant is the rules of priority in the Republic of Science (Dasgupta and David, 1994) and the need for acknowledgement by peers. It states that, once disclosed and validated by peers, only the scientists at the origin of the newly produced knowledge have the right to enjoy the gains associated with it (Dasgupta and David, 1994) . Those gains may take several forms. They may be in terms of peer recognition (Merton, 1968) or they may be financial. Still, another factor which has been less highlighted lies in the existence of intrinsic motivations associated with the pursuit of academic research. Those motivations consist in the pleasure derived from puzzle solving (Stephan, 1996) or, more selfishly, with the pride inherited from being the first to make a given discovery.
More generally, economists of science have been mainly concerned with an exploration of the determinants and the organization of scientific production. They developed their argument at two levels of analysis: at the individual level and at the laboratory level.
So, the analysis of the determinants of scientific production at the individual level has benefited from a long lasting interest from sociologist and economists of science. Several factors and phenomena were pointed out, such as the reward structure of science (e.g. with the existence of the system of academic prizes) and the existence of more intrinsic motivations, the raising of inequalities among scientists or age.
A second and related issue tackled by sociologists of science was dealing with the analysis of the development of inequalities in scientific production among researchers.
Several researchers pinpointed that the distribution of scientific production was highly skewed by following a Lotka's Law (e.g. de Solla Price, 1963 , Cole and Cole, 1967 , David, 1994 .
More precisely, it was found that less than six percent of scientists published almost fifty percent of all papers. The explanation for this observation lied in the existence of accumulative advantage. It consists in the interaction between two retroactive loops involving recognition and the acquisition of resources for research. On the one hand, recognized scientists are more motivated for the pursuit of their research, thus enhancing their reputation.
On the other hand, high levels of reputation facilitate the access to complementary resources which will increase the productivity and the quality of the research (Allison and Steward, 1974) .
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Another factor affecting individual productivity was identified with age. Some of the scientists interested in this issue built several types of models aiming to explain differences in scientific production along with the age of a scientist. By adapting a model of life-cycle human capital investment, Diamond (1986) found a negative relationship between productivity and age for mathematicians at the University of Berkeley. By contrast, in a longitudinal study of PhD scientist, Stephan and Levin (1991) found that, in most of the fields of enquiry, research productivity increases with age to reach a peak at mid-career and, then, decreases. This result was then confirmed in several studies such as in Turner and Mairesse (2002) .
Those studies, by mainly focusing on individual determinants of scientific production fail to grasp several important factors linked to the environment. At a more intermediary level, some empirical studies led in the USA pinpointed the importance of the research environment and the existence of a relatively strong positive relationship between productivity and quality at the individual level and scientific prestige at the department level.
This gave rise to the study of two alternative hypothesis formulated by Allison and Long (1990) : do good departments encourage and facilitate individual research productivity or do they attract the best and most promising scientists, thus inducing a strong selection effect?
Those authors found that researchers joining prestigious departments tended to increase their research productivity while the fact of joining less prestigious centres induced decreases in the researchers' productivity, thus lending weight to the former hypothesis. This conclusion corroborated the result obtained by Long and McGinnis (1981) .
In complement to this analysis at the individual level, some authors studied scientific productivity at a more collective level, by considering that scientific research is a collective and collaborative process. Indeed, in their study of the research organization at the University Louis Pasteur of Strasbourg, Carayol and Matt (2004a) built a typology of research laboratories along four dimensions: the size of the laboratory (this variable is associated with the scale issue emphasised by Bonaccorsi and Daraio (2002) ), research intensity (corresponding to the trade-off operated by researchers between research and teaching activities), the degree of performance (in terms of publication productivities), and the degree of openness of the lab (towards the integration of young or international researchers or towards the industry). This allowed them to differentiate between five classes of research labs: 1) research intensive laboratories, 2) teaching oriented labs in the fields of social and 6 human sciences, 3) non research-intensive and industry oriented labs, 4) elite research intensive labs and 5) large laboratories.
Nevertheless, if these studies analyse the scientific research as a collective process, it supposes a correspondence between this collective level and the official level defined by national institutions: that is to say the official laboratories or units of research. However, if scientific production is a collective process; it has not been tested in the literature whether the laboratories level is a relevant level level where collective scientific activities takes place. By contrast, this analytical problem of determining the pertinent level of collective knowledge production has been addressed (more at the level of the firm) in different streams of literature such as the development of open source software (Muller, 2004) or the knowledge based theory of the firm (e.g. Cohendet and Llerena, 2003) . All those streams of literature stress the importance of knowledge intensive communities for collective learning and knowledge creation processes.
Social network analysis
After having given an overview of the basic concepts underlying this paper, we will, in next sections, justify the relevance of the concept of community in addressing the issue of academic collaboration. In order to do so, we will analyse the network of copublications of researchers from the University Louis Pasteur.
We have to restrict our analysis of scientific collaboration to copublication. This choice is motivated by several factors. First, contrary to others indicator of collaboration (research contract, European framework contracts, research scholarships…), copublication is an indicator of individual collaborations (Katz and Martin, 1997) . Furthermore, since it widely acknowledged that a lot of interactions are informal, it becomes rapidly difficult to provide a reliable methodology for assessing informal interactions at the level of the university. Even though publication could involve a bias in the analysis of scientific production, it works as a "second best" indicator in the same way as the patent is viewed as a second best indicator for collaboration among industrial firms (Adams and Grilliches, 1996) .
Methodology
In order to analysis the network of copublications of these researchers, we will use a methodology based on social networks analysis. The first phase of the work consists in 7 building up the social network accounting for collaboration relationships between academic researchers. A social network can be defined in the following way:
"A social network is a set of people or groups each of which has connections of some kind to some or all of the others. In the language of social network analysis, the people or groups are called "actors" and the connections "ties"." (Newman, 2001, p.1) .
According to this definition, we could confirm that this methodology could be useful to answer our research question, indeed, in our case, actors correspond to permanent researchers from ULP while the connections between them are approximated by publications. The choice of co-publications is motivated by the fact that it constitutes a rather objective and tractable measure of a collaboration involving several researchers 1 .
Once the social network of scientific coauthorships built, the second step of the methodology consists in isolating scientific groups. In order to do so, we exploit the differential in ties densities existing within and between those groups of co-authors. Indeed, as pointed out by Newman and Girvan (2004) , a property shared by many social networks, is that they can be divided into groups within which the ties are dense but between which they are sparser. Those groups correspond to clusters within which the density of ties is much higher than between them.
A method for stressing the communitarian structure of a social network is provided by its decomposition through hierarchical clustering (see Johnson, 1967 for the original exposition of the methodology or Newman, 2004, Girvan and Newman, 2002 for alternative methods based on betweeness). The logic underlying the hierarchical clustering methodology for exhibiting clusters within a network is to remove the ties located between those clusters.
Those ties feature a particular property within the social network since it is assumed that few of them bind different clusters. Hence the main challenge is to identify those particular links.
The identification issue is solved by calculating a similarity measure for each node.
In the UCINET software, the measure of similarity is a function of the geodesic distance between nodes 2 . The logic underlying this reasoning is the following: since clusters are 1 As underlined by Katz and Martin (1997) , copublication only constitutes an imperfect measure of a scientific collaboration since it doesn't document about the conditions underlying a collaboration those authors did establish. In this way, are considered as collaborators "(a) those who work together on the research project throughout its duration or for a large part of it, or who make frequent or substantial contribution; (b) those whose names or posts appear in the original research proposal; (c) those responsible for one or more of the main elements of the research" (p. 7) 2 The geodesic distance between two nodes A and B is defined as the minimum number of nodes necessary to join A and B.
assumed to be very dense, reaching any other node of the same cluster requires to pass through very few nodes. Thus, the geodesic distance between two nodes belonging to the same cluster is very low. In this respect, nodes of a same cluster can be considered as similar.
By contrast, two nodes of different clusters are connected by a low number of paths. It then becomes more difficult to find a path joining two nodes belonging to different clusters and passing through a few nodes. Then, the distance between them is likely to be much higher. It follows that those nodes are considered as dissimilar (Wasserman and Faust, 1994) .
Therefore the methodology underlying hierarchical clustering aims at decomposing the graph into groups of nodes within which the distances between them are low and between which the distances are high. The methodology is iterative since it groups nodes according to increasing distances. The algorithm, following the methodology developed by Johnson (1967) , proceeds as follows (Borgatti, 1994) :
0. Before the start of the algorithm, are computed distances between nodes of the graph.
1. The algorithm starts by assigning each node to its own cluster, so that if you have N items, you now have N clusters, each containing just one item. Let the distances between the clusters equal the distances between the items they contain.
2. Find the closest pair of clusters and merge them into a single cluster, so that now you have one less cluster.
3. Compute distances between the new cluster and each of the old clusters.
4. The algorithm repeats steps 2 and 3.
Apart from distance, the hierarchical clustering methodology can be applied following other criteria. An other popular criterion is given by the calculation of correlations among nodes (Wasserman and Faust, 1994 ). This criterion is based on the calculation of correlation coefficients among nodes which might be described as the capacity of two actors to be tied with the same set of actors (Degenne and Forsé, 1994) . However, as pointed out by Wasserman and Faust (1994) , the results of those two methodologies are identical.
In our case, the end of the algorithm is determined by the following trade-off. On the one hand, we wish to obtain the most precise decomposition of the research network by identifying the most numerous clusters. On the other hand, the division has to keep a certain 9 degree of meaningfulness: clusters have to be large enough to show the collaborative nature of academic research. In our cases we have stopped the clustering after the fifth iteration: this level allow us to obtain relatively dense cluster and separated by a maximum of 3 links between clusters. Horever, we have also decided to stop the clustering after the fifth iteration in order to obtain cluster with an average size of 15,02 that is not far from the average size of the laboratories which is equal to 17,47.
Data
The university under analysis is the University Louis Pasteur (or ULP Finally, apart from "hard sciences", ULP covers social sciences such as economics and management, geography and psychology.
The database we are using in this paper was built by a research team of BETA. It gives an account of the university's scientific activity. It gathers research inputs and outputs of the university. In this paper, we are using 3 components of this ULP database: the list of researchers of the university, their laboratories and the publications that theses researchers 
Results
The goal of this section is to provide the first results of the analysis of the social network of ULP researchers through hierarchical clustering. The network analysis and the graphs were made using the network analysis program UCINET (Borgatti et al., 2002) .
The network we generated includes 1097 researchers who published with a minimum of one other author of ULP what we could compare to the 1443 researchers listed in the original database. This gap accounting for about 24% of the researchers can be explained globally by the fact that we included in our analysis only publications in which ULP researchers collaborated with other ULP researchers. Hence, were not counted publications involving several authors among which only one ULP researcher.
Globally, the principal results of this study is that we remark an apparent mismatching between collaboration clusters accounting for the collaborative character of scientific research, and the administrative borders of the laboratories. Apart from the "canonical" case in which the frontiers of the laboratory matches the frontiers of the cluster, numerous other cases may appear, among which the case of laboratories regrouping several clusters, or the case in which a research lab spreads over several clusters. In the same way, we could find clusters regrouping different laboratories, or splitting between different labs. So, a first conclusion to be stressed is that the study of research collaborations must pay a specific attention to its communitarian dimension. In the remainder of this section, we will, in a first part, inspect in more details the division of academic work by establishing a typology of those clusters and try to establish their communitarian characteristics. In a second part, we will focus more specifically on research laboratories with respect to the division of collaboration network into distinct cluster.
Characterization of scientific clusters

Description of clusters.
Community identification through hierarchical clustering gave rise to the isolation and the identification of 73 clusters (cf. table 1). Those clusters are grouped into 7 categories (table 1) and that could be defined in the following way.
Clusters of type C1 correspond to individuals who are considered as intermediaries since they bind together several clusters. More particularly, all those "isolated researchers"
connect big clusters (of the C5 type) with other types of clusters (C2, C3, C4, C6 or C7). They can act as "go-between" in the sense that they can facilitate the interaction between two different clusters as they allow to decrease the related costs by mitigating the risk of hold-up (Nooteboom, 1999) . These individuals could be qualified as mediators allowing a transfer of knowledge of two groups of persons with different cognitive capacities: these mediators could decrease the distance between theses groups .
Clusters of types C2 and C3 represent binoms or trinoms. Those types of clusters correspond to the case in which two or three researchers collaborate intensively together while collaborating in a more limited extent with other researchers. More particularly to those clusters, one could draw a distinction between binoms or trinoms belonging to the same research laboratories and binoms or trinoms spreading over several research laboratories.. clusters lies in the fact that research labs are commonly split between several research teams corresponding to different research interests. These two groups of clusters are of relatively varied sizes, counting from 4 to more than 40 members. Researchers in those clusters perform rather high publication rates, C5 scientists being, on average, even more prolific than C4 ones.
However, disparities between the publication rates in C5 clusters are much higher than for C4
scientists.
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C6 clusters correspond to "big" clusters grouping several research laboratories. As indicated, those clusters group numerous researchers who are tightly connected to each other.
Researchers belonging to C6 clusters enjoy high publication productivities, disparities in productivities being relatively low. The big size, together with the high density of the cluster indicates high collaboration rates among researchers.
Finally, C7 clusters are clusters binding together several laboratories. Typically, they involve different sub-groups from several research laboratories working together in the same
cluster. This contrasts with C7 clusters in which individuals tend to collaborate with researchers from other labs and from other disciplines: theses clusters spread over several research labs.
C4 and C5 clusters exhibit a very low degree of interdisciplinarity, thus indicating that members of the same research lab strongly collaborate with peers sharing the same discipline, they correspond to subgroups within research labs. In this case too, researchers from the same lab appear to give priority to collaborations with individuals of the same discipline and who potentially share common research interests. Excepted one cluster, all clusters in this category regroup a majority of physicists. By contrast, in both C6 and C7 clusters researchers in life science are well represented even though the results are less clear than in the case of C4 and C5 clusters. Therefore, we could suppose that the heterogeneity levels encountered in C6 and C7 clusters is linked to the specific work practices in life sciences. At the opposite, work practices among physicists seem to be more disciplinary and to take place within the frontiers of the lab. 
Characterization of research laboratories
Typology of research laboratories
In the former paragraphs, we identified and stressed a typology of clusters according to several criteria such as their size (by drawing a distinction between isolated scientists, binoms and trinoms on the one hand, and bigger clusters on the other) and status with respect to research laboratories. In this part, we will propose a typology of research labs gathered into 6 groups that could be described by the following characteristics (cf. table 2):
5 We compute the degree of interdisciplinarity of cluster j as follows:
Where n ij corresponds to the number of individuals from discipline i who belong to cluster j, N j , the population of cluster j, and L j the set of disciplines in cluster j. High degrees of multidisciplinarity are characterized by high value of the index. This definition is adapted from the measure of entropy developed in Carayol and Matt (2004b) and Carayol and Nguyen Thi (2004). 14 A laboratory of the first type (L1) regroups researchers that are not used to copublish with others ULP's researcher.
L2 labs gather laboratories regrouping several clusters: we could suppose that this clusters constitute small teams of large laboratories, indeed as shown in table 2, the average size of this group of laboratories in a size of 56 researchers that may collaborate in small subgroups of between 10 and 20 researchers.
L3 and L4 laboratories are laboratories in which researchers work in the same cluster.
The distinction between those two classes of labs relies on the fact that for L3 labs the borders of a cluster roughly correspond to a lab while L4 labs are integrated to wider clusters grouping several labs. In those two cases (and in particular for L3 labs), we could observe a correspondence between the administrative borders of the labs and the actual organisation of the work inside the university. We could also note that logically, those labs are smaller than the laboratories of the second group.
Finally, L5 and L6 laboratories spread over several cluster. L5 and L6 labs differentiate by their size: L5 labs are considered as "small" since they count less than 24 members while L6 labs have more than 24 researchers. These laboratories correspond to an administrative organisation that is very different from the actual way of collaborating among researchers of these labs. In all types of laboratories (excepted for L1 labs), the majority of researchers actually belong to research clusters of more than 4 researchers, thus providing a strong evidence of their belonging to scientific groups. Insofar, an important result emerging from this discussion is that the research laboratory doesn't necessarily constitute an appropriate level for analysing scientific collaboration. Indeed, we have, in our typology, stressed the existence of numerous labs for which the frontiers do not fit the reality of collaborative work: laboratories can group several collaboration clusters or spread over several clusters or being part of a cluster.
Conclusion
Over the last years, there has been an increasing interest in examining the factors influencing academic production. Numerous factors were emphasised both at the individual (age, cohort or gender) and at the collective level (the reciprocal influence of individual characteristics and laboratory reputation, the organization of the laboratory, multidisciplinarity). Nevertheless, if attention has been put at the collective level : it has been largely considered that this collective level corresponds to the level of the laboratories or units of research.
This paper starts from the hypothesis that most quantitative studies in the Economics of Science assume that the collective level of academic production is assimilated to university or laboratory level. We test whether this hypothesis corresponds to the reality of scientific collaboration.
In order to do so, we propose a methodology based on social networks analysis. The application of this methodology allows us to isolate clusters (i.e. parts of networks characterized by a higher collaboration intensity) of diverse characteristics and sizes which may potentially constitute scientific communities. The most important result of our study is that the frontiers of those clusters do not necessarily correspond to the institutional frontiers of research laboratories. Indeed, we stress the existence of several types of laboratories. Those laboratories may correspond to research clusters but, in most cases, they either regroup several clusters or they spread over several clusters or they are parts of clusters. This first result corroborates the relevance of our hypothesis by pointing out the fact that the social reality of academic research doesn't necessarily fit the institutional division of research in laboratories. A closer inspection of those clusters allows us to point out that differences in academic research practices are strongly related to differences in the characteristics and disciplines of research clusters. So, our method seems to provide a promising way for inspecting the social nature of academic research.
However, this approach only constitutes a first step in quantitative studies of scientific collaboration in academic research. Indeed, although convenient, publications constitute an imperfect measure of scientific collaboration (Katz and Martin, 1997 
